The problem that is addressed here and being investigated is to empirically review the paper entitled " 
Introduction
Detecting clusters or communities in real-world graphs such as large social networks, web graphs and biological networks is a problem of continued dynamic practical interest that has received a great deal of attention. A "network community" is typically thought of as a group of nodes with more and/or better interactions amongst its members than between its members and the remainder of the network. Here the distinguishing between "amongst" and "between" is critical [1] .
Here, initially we have taken five networks which are going to be compared following which a small comparison has been made between LOCAL SPECTRAL and METIS+MQI algorithms. Further, a small note has been given in SNAP and the implementation of the algorithm for which specific graphs have been generated and inferred based upon the definitions and characteristics and properties given in the entitled paper.
The Theory of Network Community Detection
In the study of complex networks, a network is said to have community structure if the nodes of the network can be easily grouped into (potentially overlapping) sets of nodes such that each set of nodes is densely connected internally. In the particular case of non-overlapping community finding, this implies that the network divides naturally into groups of nodes with dense connections internally and sparser connections between groups. But overlappingcommunities are also allowed. The more general definition is based on the principle that pairs of nodes are more likely to be connected if they are both members of the same community(ies), and less likely to be connected if they do not share communities [8] .
In particular the networks chosen to plot the Network Community Profile are
Brief Comparison of Local Spectral and Metis+MQI

LOCAL SPECTRAL METIS + MQI • Returns connected clusters
• Better at finding cuts with low conductance
• It finds clusters that have worse(higher) bounding cut conductance
• Is better at finding lower conductance even at larger scales
• It returns clusters with higher variance in the ratio of external to internal conductance
• It finds clusters that have better(lower) bounding cut conductance 
Implementation and NCP plot comparison
Discussion
From the graphs that are plotted namely Fig1-Fig5 one sees the data belonging to one cluster which is the Email-Enron Network, Astro-Physics Network, Condense matter collaboration Network and the Soc-Epinions Network whose characteristic of a falling conductance either plateuing with a small aberration and then the rise in conductance as the number of node increases. Normally after such a rise in all the above cases in the range of 10^3 and 10^4 finally the conductance plateaus. Therefore it is important that if we analyze each one of these networks separately.
Fig (1) SocEpinions Social Network
In the Epinions social network the conductance score reaches a minimum at 10^-2.5 at (10^1.5) nodes which forms the best community structure in this cluster and reaches a maximum value at 10^-0.3 at (10^3.3) which results in highest value of f(k) and loses its community structure.
Fig (2) Enron Email Network
In the Enron email network the conductance score reaches a minimum at two places viz 10^-2.5 at (10^1.4) nodes and 10^-2.5 at (10^2) nodes. At these two places the cluster is most community like. Then gradually it increases and f(k) becomes less community like.
Fig (4) and Fig (5)
In the Astro-Physics and Condense matter collaboration networks the conductance score reaches a minimum (10^-2) at 10^1.5 nodes which means that at this value the quality of the community is maximum (since the problem is NP hard only max and min values can be deduced) and it is most community like and as the number of nodes increases the network becomes less community like. The quality of the community goes to a low at (10^3) nodes at 10^-0.6.
However in the case of High Energy Citation Network the pattern is somewhat different. After the initial fall of the conductance there is a very steep rise and then the plataeuing starts at 10^1 nodes. One can generalize that all the five examples attempted to stimulate the comparison of the algorithm in different networks. Therefore the overall pattern is one that of falling conductance, reaching a minimum and then a rise of conductance reaching a plateau pattern. This is amazingly unique when we look at the heterogeneity of the network which stimulates the logistics of the network.
Inference
Hence we infer from the discussion that given a cluster of the above size, the best community like structure results from 10^1 nodes to 10^2 nodes as the conductance score is minimum for the above values.
Also at 10^3 nodes in the cluster the conductance score is the maximum which means that the community loses its structure as the nodes increase from 10^3 onwards as gradually the conductance score starts increasing.
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